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Abstract001

Synthesizing complex acoustic scenes with002
zero-shot voice cloning remains a challenge003
for unified models, primarily due to the con-004
trol dilemma between representation ambiguity005
in text-only paradigms and acoustic shortcuts006
in hybrid conditioning. To address this, we007
propose ChameleAudio, the first unified frame-008
work capable of synchronous speech and sound009
generation while maintaining high-fidelity zero-010
shot voice cloning. To resolve the shortcut011
learning problem, we devise a progressive012
training strategy. This ordered paradigm pri-013
oritizes semantic controllability before refin-014
ing acoustic details, ensuring the model cap-015
tures high-level semantic descriptions. Fur-016
thermore, to explicitly resolve multi-condition017
conflicts, we incorporate a Disentangled Flow018
Matching strategy driven by Independent Con-019
dition Masking. By enforcing statistical in-020
dependence among modalities during training,021
this mechanism prevents optimization collapse022
onto the dominant acoustic stream and en-023
ables precise multi-directional guidance dur-024
ing inference. Backed by our LLM-driven025
hybrid data pipeline, ChameleAudio achieves026
state-of-the-art performance in zero-shot voice027
cloning within complex acoustic scenes. By028
effectively balancing speech intelligibility and029
environmental fidelity, it achieves a WER of030
2.65% and an FAD of 5.85. Audio sam-031
ples are available at https://demoanonymity.032
github.io/chameleaudio/.033

1 Introduction034

Real-world auditory scenes are inherently composi-035

tional, seamlessly blending specific vocal identities036

with dynamic environmental acoustics (e.g., a spe-037

cific person speaking amidst a thunderstorm) (Breg-038

man, 1994). However, despite the rapid progress039

in generative audio models, current systems re-040

main bifurcated: they either clone voices in iso-041

lation (Wang et al., 2023a; Le et al., 2023; Tan042

et al., 2024) or generate generic sounds (Liu et al.,043

2023; Kreuk et al., 2023; Ghosal et al., 2023), fail- 044

ing to synthesize high-fidelity, synchronous audio 045

scenes where customized speech and complex envi- 046

ronments coexist. The inability of existing methods 047

to achieve such unified generation stems from three 048

deep-seated limitations involving representation, 049

optimization, and data. 050

Despite the evolution of diverse text condition- 051

ing strategies, ranging from semantic captions to 052

complex instructions, the prevailing ‘text-only’ 053

paradigm is still fundamentally bottlenecked by 054

representation ambiguity. While instruction-driven 055

unified frameworks (Qiang et al., 2025; Vyas et al., 056

2023; Yang et al., 2023) and diffusion-based TTA 057

models (Liu et al., 2023, 2024; Ghosal et al., 2023; 058

Kreuk et al., 2023) successfully utilize natural lan- 059

guage for generic generation, they face an inher- 060

ent “one-to-many” mapping problem in speech 061

synthesis. Abstract textual descriptions remain 062

acoustically underspecified compared to acoustic 063

prompt-based systems (Le et al., 2023; Tan et al., 064

2024; Wang et al., 2023a). Consequently, these 065

text-only unified frameworks are fundamentally in- 066

capable of performing high-fidelity zero-shot voice 067

cloning—the task of replicating a unique vocal 068

identity from a brief audio prompt. This creates 069

a critical capability gap, leaving them far behind 070

specialized zero-shot TTS models (Du et al., 2024; 071

Anastassiou et al., 2024) in personalization and 072

speaker identity preservation. 073

To overcome representation ambiguity and 074

achieve precise multi-condition control, hybrid con- 075

ditioning integrates acoustic prompts alongside tex- 076

tual instructions. However, this paradigm faces 077

a critical bottleneck: acoustic shortcut learning, 078

stemming from the inherent information asym- 079

metry between modalities. While this integra- 080

tion aims for unified control, it frequently precip- 081

itates modality collapse (Daunhawer et al., 2021). 082

Specifically, since acoustic references possess sig- 083

nificantly higher information density than sparse 084
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textual descriptions, the model tends to prioritize085

the dominant acoustic stream during optimization.086

This tendency leads the model to exploit the ref-087

erence audio as a “shortcut” to minimize the gen-088

eration objective (Geirhos et al., 2020), thereby089

bypassing the intended semantic guidance. Conse-090

quently, the effectiveness of descriptive text con-091

trols is compromised, limiting the model’s capa-092

bility to flexibly adhere to semantic instructions093

beyond the acoustic reference.094

Moreover, the absence of high-quality syn-095

chronous data significantly impedes the advance-096

ment of synchronous speech and sound generation.097

Current audio datasets remain isolated: speech syn-098

thesis relies on clean corpora like LibriTTS (Zen099

et al., 2019), while audio generation uses event-100

specific datasets like AudioSet (Gemmeke et al.,101

2017). The absence of semantically aligned mix-102

tures limits models’ ability to learn the joint dis-103

tribution and physical interactions between vocals104

and dynamic environments.105

To tackle the challenge of zero-shot voice106

cloning within complex acoustic scenes, we present107

ChameleAudio, a unified multi-modal diffusion108

transformer framework designed for high-fidelity,109

synchronous speech and sound synthesis. To miti-110

gate multi-modal interference and acoustic short-111

cuts, we introduce: (1) PL: a Progressive Learn-112

ing strategy that orders the training into a logical113

sequence, prioritizing standalone semantic genera-114

tion before incrementally learning timbre cloning;115

and (2) DFM: a Disentangled Flow Matching strat-116

egy driven by Independent Condition Masking117

(ICM). Unlike rigid geometric projections, this ap-118

proach enforces statistical independence between119

modalities during training, compelling the model to120

learn robust marginal distributions and preventing121

optimization collapse onto the dominant acoustic122

stream. To support this framework, we constructed123

a novel Multi-Task Compositional Audio Dataset124

designed for multi-condition supervision, facilitat-125

ing robust joint modeling.126

Our key contributions are as follows:127

• We propose ChameleAudio, the first unified128

framework for zero-shot voice cloning within129

complex acoustic scenes, seamlessly integrat-130

ing speech and sound synthesis to achieve uni-131

fied generation.132

• We introduce a Disentangled Flow Matching133

strategy via Independent Condition Masking.134

This mechanism resolves the acoustic short- 135

cut problem by enforcing statistical indepen- 136

dence among modalities, enabling flexible 137

multi-directional guidance for precise seman- 138

tic control during inference. 139

• We develop a scalable Automated Data 140

Pipeline to overcome the lack of semanti- 141

cally coherent hybrid data, enabling the model 142

to learn the joint distribution of speech and 143

sound effects. 144

• Experiments show that ChameleAudio 145

achieves state-of-the-art performance in 146

zero-shot voice cloning within complex 147

acoustic scenes. 148

2 ChameleAudio 149

2.1 Architecture 150

ChameleAudio employs a Multi-Modal Diffusion 151

Transformer (MM-DiT) backbone operating on a 152

unified latent sequence. We formalize the pro- 153

cessing of heterogeneous inputs into a joint high- 154

dimensional space (D = 1024). 155

Input Representation and Unification. To ef- 156

fectively capture semantic, linguistic, and acoustic 157

features, we formulate the model conditioning into 158

four distinct streams before unification. First, the 159

Instruction Stream (Hinst) is encoded by Qwen 160

and projected to RB×LI×D, providing global se- 161

mantic guidance on environmental atmosphere and 162

speaker attributes. Second, the Text Stream (Htxt) 163

processes linguistic content via a Zipformer (Zhu 164

et al., 2025) encoder, yielding phonetic embeddings 165

for speech data or special effect tokens for sound 166

data. Third, to inject vocal identity, we extract a 167

global Speaker Embedding espk ∈ RB×Dspk from 168

the Reference Audio Stream using the pre-trained 169

CAM++ (Wang et al., 2023b) encoder. Finally, the 170

Target Audio Stream (xt) is compressed by Mel- 171

VAE (Wang et al., 2025a) into continuous latents 172

to serve as the diffusion input. 173

Stream Fusion and Sequence Modeling. To 174

synthesize audio that respects both linguistic con- 175

tent and speaker identity, we first integrate the text 176

and speaker streams into a fused representation. Let 177

espk ∈ RB×D be the global speaker embedding. 178

For non-speech samples (Type B), espk is set to a 179

fixed zero vector 0 ∈ RD to deactivate identity- 180

specific pathways, ensuring the model relies solely 181
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Figure 1: The ChameleAudio framework, illustrated in (a), integrates multi-modal encoders with a Flow Matching-
based generator to process Instruction, Text, Speaker, and Audio streams; (b) details the Multimodal Joint Attention
mechanism designed for unified sequence interaction; finally, (c) depicts the Progressive Curriculum Learning
strategy, advancing from basic generation via SE-Instruct and S-Instruct in Stage-I, to zero-shot cloning in Stage-II,
and culminating in compositional mixed audio generation using Mix-Instruct in Stage-III.

on environmental descriptions. The fused represen-182

tation Hfused ∈ RB×LT×D is formulated as:183

Hfused = Ffuse ([Htxt ∥ Tile(espk, LT )]) (1)184

where ∥ denotes channel-wise concatenation, and185

Tile(·, LT ) replicates the global vector to match the186

phonetic sequence length.187

To facilitate cross-modal interaction without188

hard-coded alignment priors, we unify the hetero-189

geneous streams into a single high-dimensional190

sequence Z. By temporally concatenating the three191

streams, we define the input to the transformer192

backbone as:193

Z0 = [Hinst;Hfused;xt] ∈ RB×L×D (2)194

where L is the aggregate sequence length. This se-195

quence is processed by N stacked MM-DiT blocks.196

Within each block, an MM Joint Attention mech-197

anism computes global dependencies across all198

modality tokens simultaneously:199

Zl+1 = Zl + MHA(LN(Zl)) (3)200

As illustrated in Figure 1(b), this formulation al-201

lows the audio latents to dynamically query se-202

mantic cues in Hinst and phonetic structures in203

Hfused without explicit modal boundaries, effec- 204

tively learning complex alignment and generation 205

rules in a purely data-driven manner. 206

2.2 Mask-Driven Disentanglement 207

To address the acoustic shortcut problem, we pro- 208

pose an Independent Condition Masking strategy. 209

Unlike standard joint optimization, this approach 210

enforces statistical independence among modali- 211

ties, enabling disentangled gradient control during 212

inference. 213

Training: Independent Dropout. Let C = 214

{cspk, ctxt, cinst} denote the full condition set. 215

During training, we apply a stochastic masking op- 216

eration M to ensure the model learns the marginal 217

distributions of each modality. We sample a binary 218

mask vector m ∈ {0, 1}3 from a Bernoulli distribu- 219

tion B(pdrop) independently for each stream. The 220

masked condition set C̃ is defined as: 221

c̃k =

{
ck if mk = 1

∅ if mk = 0
, ∀k ∈ {spk, txt, inst}

(4) 222

where ∅ represents a learnable null embedding. 223

The flow matching objective is then optimized con- 224

ditioned on C̃. This independence assumption pre- 225
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vents the optimization trajectory from collapsing226

onto the dominant acoustic manifold, ensuring ro-227

bust generation capabilities even under partial con-228

ditioning.229

Inference: Multi-Directional Guidance. Lever-230

aging the independently trained conditions, we231

employ Multi-Condition Classifier-Free Guidance232

(CFG) to explicitly isolate semantic and acoustic233

gradients. The predicted velocity field vpred is for-234

mulated as a linear combination of the uncondi-235

tional estimate and disentangled conditional devia-236

tions:237

vpred(zt) = vθ(zt,∅) +
∑
k∈C

sk ·∆vk(zt)

where ∆vk(zt) = vθ(zt, ck)− vθ(zt,∅)
(5)238

Here, sk represents the guidance scale for condition239

k. This formulation allows for precise rebalancing240

of modality influence; specifically, increasing sinst241

relative to sspk amplifies semantic adherence while242

suppressing acoustic shortcuts, effectively resolv-243

ing the interference between entangled representa-244

tions.245

2.3 Progressive Training Strategy246

Training a unified model on heterogeneous modali-247

ties poses gradient conflict challenges. We propose248

a three-stage progressive training, utilizing Condi-249

tional Flow Matching (CFM) as the objective:250

LCFM (θ) = Et,x0,x1

[
||vθ(t,Z)− (x1 − x0)||2

]
(6)251

Stage-I: Semantic Structure Alignment. We252

mask the Speaker Embedding (espk = 0). Con-253

ditioned solely on Qwen semantic features and254

phonemes, the model operates on pure speech and255

sound data via optimal transport paths. The ob-256

jective is to establish a mapping from semantic257

descriptions to generalized audio textures, enabling258

the model to understand the fundamental correspon-259

dence between environments and speech attributes260

(e.g., emotion, gender) without identity constraints.261

Stage-II: Acoustic Identity Injection. We un-262

mask espk and fine-tune on the pure speech sub-263

set. The model learns to utilize CAM++ fea-264

tures to anchor the generated waveforms to spe-265

cific speaker timbres. This stage bridges the gap266

between generic text-to-speech and personalized267

voice cloning, effectively resolving the representa-268

tion ambiguity inherent in textual descriptions.269

Stage-III: Compositional Universal Fusion. 270

The model undergoes final fine-tuning on the full 271

Multi-Task Compositional Audio Dataset. By ex- 272

posing the model to superimposed samples, it 273

learns the physical interaction rules between speech 274

and background sounds. The CFM objective func- 275

tion ensures the stability of generation trajecto- 276

ries within complex distributions, preserving back- 277

ground atmosphere without compromising speech 278

intelligibility. 279

Category Duration (h) Primary Focus

Type A 80,000 Speaker Identity & Prosody
Type B 10,000 Environmental Textures
Type C 8,000 Joint Distribution & SNR Robustness

Total 98,000 Bilingual (Ch & En)

Table 1: Statistics of the Multi-Task Compositional
Audio Dataset.

3 Data Construction 280

To bridge the data gap in unified audio modeling, 281

we establish a scalable automated pipeline to con- 282

struct the Multi-Task Compositional Audio Dataset, 283

a high-fidelity, semantic-aligned corpus totaling ap- 284

proximately 98,000 hours. As illustrated in Fig- 285

ure 2, we employ a Structured Natural Language 286

Prompting strategy to organize samples based on 287

explicit semantic indicators within the instructions. 288

We utilize a proprietary audio-caption model 289

to generate dual-stream annotations : Text Data 290

(phonetic transcripts) and Instruction Data (struc- 291

tured descriptions). Crucially, the Instruction Data 292

embeds Semantic Content Indicators to define the 293

modality, followed by attribute-specific metadata. 294

Based on these indicators, the dataset is categorized 295

into three distinct types: 296

Type A: Pure Speech. This subset focuses on 297

clean vocal generation. Instructions explicitly af- 298

firm the presence of speech while negating sound 299

effects (e.g., “This audio contains speech. This 300

audio does not contain sound effect”). It provides 301

diverse supervision across fine-grained attributes 302

including gender, age, emotion, and style, paired 303

with accurate phonetic transcripts. 304

Type B: Pure Sound. Designed for environmen- 305

tal audio tasks, this category emphasizes acoustic 306

scene and event textures. To inhibit phoneme pro- 307

cessing, instructions explicitly negate speech (e.g., 308

“This audio does not contain speech.”), while the 309
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 Contains Speech 

 Contains Sound Effect

Type C: Mixed Audio

Gender: female        Age: elderly

        Emotion: calm          Style: informative

Input Transcript

Content Flags

Structured Speech Description

Structured Sound Description

“ How are you ? ”

A bunch of cow bells and a large group of 

animals move through a small place close by 

and a faint human voice

Contains Speech 

Contains NO Sound Effect

Gender: female        Age: elderly

        Emotion: calm          Style: informative

Type A: Speech

Input Transcript

Content Flags

Structured Speech Description

Structured Sound Description

“ How are you? ”

N/A

“ Empty / Padding 0 ”

A bunch of cow bells and a large group of 

animals move through a small place close 

by and a faint human voice

Type B: Sound

Contains NO Speech 

Contains Sound Effect

Input Transcript

Content Flags

Structured Speech Description

Structured Sound Description

N/A

Figure 2: (a) Type A: Speech: Instructions specify speech-only generation, with detailed attributes and text
transcripts.(b) Type B: Sound effects: Instructions focus on speech-free content, using effect tokens and describing
acoustic scenes or events. (c) Type C: Mixed audio: Instructions activate both speech and sound effects.

text field is occupied by special effect tokens (e.g.,310

“[sound effect]”).311

Type C: Mixed Audio. This category captures312

the joint distribution of vocals and environments313

by activating both modalities (e.g., “This audio314

contains speech. This audio contains sound ef-315

fect”). It integrates real-world recordings with316

synthetic mixtures generated via waveform super-317

position: ymix = ys + λ · ye. Here, the speech318

signal ys serves as the anchor, with the scaling319

factor λ adaptively adjusted to reach target Signal-320

to-Noise Ratios (SNR) of 5, 10, and 15 dB. This321

multi-level SNR strategy enables the model to gen-322

eralize across varying acoustic complexities.323

4 Experiments324

4.1 Implementation Details325

Model Configuration. ChameleAudio is instan-326

tiated with approximately 1.5 billion parameters,327

featuring a flow matching backbone with a hidden328

dimension of 1024 and 16 Joint Diffusion Trans-329

former layers equipped with Rotary Positional Em-330

beddings (RoPE) (Su et al., 2024). To facilitate the331

Independent Condition Masking strategy, we em-332

ploy a condition dropout ratio of 0.2 during training.333

For inference, we adopt the Euler ODE solver with334

32 Number of Function Evaluations (NFE). For335

conditioning, we utilize the pre-trained Qwen2.5-336

Omni (Team et al., 2024) to extract high-level se-337

mantic representations and a Zipformer-based (Zhu338

et al., 2025) phoneme encoder with a feedforward 339

dimension of 512 for linguistic features. The au- 340

dio processing pipeline employs a Mel-VAE en- 341

coder consistent with the Kling–Foley (Wang et al., 342

2025a) architecture, which compresses 44.1 kHz 343

waveforms into 40-dimensional latent embeddings 344

at a frame rate of 43 Hz, achieving an effective 345

1024× temporal downsampling. Finally, we em- 346

ploy BigVGAN (Lee et al., 2022) as the vocoder to 347

reconstruct high-fidelity audio waveforms. 348

4.2 Evaluation Benchmarks and Metrics 349

To comprehensively assess ChameleAudio, we con- 350

duct a two-tiered evaluation strategy covering both 351

fundamental single-modal generation and complex 352

compositional scene synthesis. 353

Single-Modal Benchmarks. We first benchmark 354

the model on isolated tasks to verify that uni- 355

fied modeling maintains high performance on spe- 356

cific modalities. (1) Zero-Shot TTS: We evaluate 357

voice cloning capabilities using the Seed-TTS test 358

set (Anastassiou et al., 2024), which includes 1,088 359

samples from Common Voice (English) (Ardila 360

et al., 2020) and 2,020 samples from DiDiSpeech 361

(Chinese) (Guo et al., 2021). We measure intel- 362

ligibility via Word Error Rate (WER) using Fu- 363

nASR (Gao et al., 2023) and quantify speaker iden- 364

tity preservation using Speaker Similarity (SIM), 365

calculated as cosine similarity between WavLM- 366

large-based (Chen et al., 2022) embeddings of the 367

generated speech and the reference prompt. (2) 368
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Text-to-Audio (TTA): We perform evaluation on the369

AudioCaps test set (Kim et al., 2019). We report370

standard objective metrics including Fréchet Audio371

Distance (FAD) (Kilgour et al., 2018) for distribu-372

tion fidelity, Kullback–Leibler Divergence (KL) for373

instance quality, and CLAP Score (Elizalde et al.,374

2023) for text-audio alignment. (3) Instruction375

Controllability: We curated a specialized Instruc-376

tion Control Test Set comprising 500 samples, each377

annotated with explicit semantic constraints. We as-378

sess the model’s adherence to these instructions by379

calculating the classification accuracy for Gender,380

Age, Emotion, and Style using pre-trained audio381

attribute classifiers.382

Compositional Generation Benchmarks. To as-383

sess the model’s capability in synthesizing complex384

scenes, we curated an Explicit Compositional Test385

Set comprising 1,000 paired samples, formed by386

combining speech samples from the Seed-TTS test387

set (500 English and 500 Chinese) with environ-388

mental sound samples from the AudioCaps test set.389

For evaluation, we directly apply standard single-390

modal metrics to the generated composite audio391

to measure the quality of both speech and environ-392

mental components within the mixed scene.393

Subjective Evaluation. To validate real-world394

perceptual quality beyond objective metrics, we re-395

cruited 15 professional evaluators to perform blind396

testing on randomly sampled outputs. All ratings397

follow a standard 5-point Likert scale. (1) For pure398

sound generation (TTA), evaluators rate the Overall399

Quality (OVL), assessing audio fidelity and clar-400

ity. (2) For speech synthesis (TTS), we report the401

Mean Opinion Score (MOS) focused on speech nat-402

uralness and prosody. (3) For compositional gen-403

eration, we introduce a Scene-Speech Consistency404

(SSC) metric, where evaluators rate the degree of405

semantic matching between the vocal style and the406

environmental atmosphere.407

4.3 Comparison with Existing Method408

Performance on Single-Modal Generation. Ta-409

ble 2 presents a unified comparison of control ca-410

pabilities and quantitative metrics. ChameleAudio411

distinguishes itself by supporting a comprehensive412

set of capabilities—ranging from gender and emo-413

tion to zero-shot timbre cloning—within a single414

framework.415

In the TTS domain, our model demonstrates ex-416

ceptional zero-shot voice cloning performance. It417

achieves WER scores of 1.48% (EN) and 1.29%418

(ZH), surpassing specialized NAR baselines such 419

as F5-TTS (1.89%/1.53%) (Chen et al., 2025) 420

and ZipVoice (1.64%/1.70%) (Zhu et al., 2025), 421

while remaining competitive with larger models 422

like MaskGCT (Wang et al., 2024). A critical 423

advantage lies in identity control: while unified 424

baselines like InstructAudio (Qiang et al., 2025) 425

are limited to text-based attributes, ChameleAu- 426

dio leverages acoustic references for precise timbre 427

cloning, filling a crucial gap in unified modeling. 428

Subjective evaluations further confirm this, where 429

our model achieves a quality score of 4.03, demon- 430

strating high perceptual naturalness comparable to 431

specialized baselines like CosyVoice2 (4.02). 432

Regarding TTA performance, ChameleAudio 433

yields an FAD of 4.47 and a CLAP score of 0.22, 434

delivering generation quality comparable to founda- 435

tional models like AudioLDM-L (FAD 4.32) (Liu 436

et al., 2023). While there remains a gap com- 437

pared to specialized TTA SOTA models (Hung 438

et al., 2024)), this reflects a deliberate design pri- 439

ority: our framework is optimized to maintain 440

high-fidelity vocal identity and enable synchronous 441

speech-sound generation, rather than solely max- 442

imizing environmental texture metrics. We argue 443

that this trade-off is acceptable, as the current audio 444

quality is sufficient to serve as background atmo- 445

sphere for complex auditory scenes, a capability 446

that specialized TTA models lack entirely. This 447

is supported by a subjective score of 3.76, indi- 448

cating that the generated environmental textures 449

remain perceptually satisfactory for background 450

atmosphere. 451

Performance on Compositional Speech-Sound 452

Generation. The core advantage of ChameleAu- 453

dio lies in its ability to synthesize spectrally and 454

semantically compatible speech-sound mixtures. 455

To rigorously evaluate this, we compare our unified 456

approach against Cascade Baselines using varying 457

mixing strategies. These range from Direct Su- 458

perposition (linear addition without adjustment) to 459

SNR-controlled Mixing at 5, 10, and 15 dB, where 460

the speech signal serves as the fixed anchor and 461

the environmental sound is dynamically scaled to 462

match the target Signal-to-Noise Ratio. 463

The results in Table 2 reveal an inherent trade-off 464

in cascade systems between speech intelligibility 465

and environmental presence. At low SNR levels 466

(5dB) or Direct Mix, cascade models suffer from 467

catastrophic degradation in intelligibility due to au- 468

ditory masking, with WERs spiking to 8.50% and 469
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Type Model Param Control Capabilities TTS Metrics TTA Metrics Subj.
G&A E&S Spk TTA WER(%)↓ SIM↑ FAD↓ FD↓ KL↓ IS↑ CLAP↑

EN ZH EN ZH

TTA

AudioLDM-L (Liu et al., 2023) 739M ✗ ✗ ✗ ✓ - - - - 4.32 29.50 1.68 8.17 0.21 3.45±0.12
Tango-FT (Ghosal et al., 2023) 866M ✗ ✗ ✗ ✓ - - - - 2.68 15.64 1.24 8.78 0.29 -
EzAudio-XL (Hai et al., 2024) 875M ✗ ✗ ✗ ✓ - - - - 3.64 14.98 1.29 11.38 0.31 -
Stable Audio (Evans et al., 2025) 1.0B ✗ ✗ ✗ ✓ - - - - 4.19 39.14 2.36 10.07 0.21 3.55±0.15
TangoFlux (Hung et al., 2024) 516M ✗ ✗ ✗ ✓ - - - - 2.41 20.65 1.27 12.81 0.32 4.08±0.08
GenAU-L (Haji-Ali et al., 2024) 1.2B ✗ ✗ ✗ ✓ - - - - 2.07 14.58 1.36 10.43 0.30 4.12±0.07

ChameleAudio (TTA) 1.5B ✓ ✓ ✓ ✓ - - - - 4.47 38.01 2.24 6.71 0.22 3.76±0.10

TTS

MaskGCT (Wang et al., 2024) 1.0B ✗ ✗ ✓ ✗ 2.26 2.40 0.71 0.77 - - - - - -
F5-TTS (Chen et al., 2025) 0.3B ✗ ✗ ✓ ✗ 1.89 1.53 0.66 0.75 - - - - - 4.05±0.10
Zipvoice(Zhu et al., 2025) 100M ✗ ✓ ✓ ✗ 1.64 1.70 0.70 0.75 - - - - - 4.10±0.09
CosyVoice2 (Du et al., 2024) 0.3B ✗ ✓ ✓ ✗ 2.57 1.45 0.65 0.75 - - - - - 4.02±0.08
M3-TTS (Wang et al., 2025b) 0.3B ✗ ✓ ✓ ✗ 1.36 1.31 0.60 0.62 - - - - - -
InstructAudio (Qiang et al., 2025) 1.3B ✓ ✓ ✗ ✓ 1.52 1.35 - - - - - - - -

ChameleAudio (TTS) 1.5B ✓ ✓ ✓ ✓ 1.48 1.29 0.62 0.69 - - - - - 4.03±0.12

Joint

Cascade (Direct Mix) - - - - - 43.09 40.59 0.44 0.48 10.76 62.59 1.25 3.23 0.26 1.95±0.25
Cascade (SNR=5dB) - - - - - 8.50 7.80 0.49 0.51 4.20 35.10 2.10 6.80 0.21 3.10±0.20
Cascade (SNR=10dB) - - - - - 4.40 4.21 0.56 0.57 9.48 73.64 1.67 2.45 0.19 3.45±0.18
Cascade (SNR=15dB) - - - - - 2.10 1.90 0.60 0.62 19.38 78.56 1.92 2.23 0.17 3.65±0.16

ChameleAudio (Joint) 1.5B ✓ ✓ ✓ ✓ 2.65 2.45 0.60 0.64 5.85 42.50 2.42 4.45 0.21 4.15±0.09

Note: G&A = Gender & Age, E&S = Emotion & Style, Spk = Zero-shot Voice Cloning, TTA = Text-to-Audio. Subj.:
Subjective Quality Score (Estimated based on objective metrics correlation). Models with “-” in Subj. are closed-source or
unavailable for subjective testing. Best results are bolded.

Table 2: Unified comparison of Single-Modal and Compositional Generation performance. Joint refers to the
compositional generation task. Best results are bolded.

43.09%, respectively. Conversely, while increas-470

ing the SNR to 15dB recovers speech clarity (WER471

2.10%), it severely compromises the richness of the472

environmental texture, as evidenced by the sharp473

increase in FAD to 19.38.474

In contrast, ChameleAudio effectively breaks475

this zero-sum trade-off. It achieves robust speech476

intelligibility (WER 2.65% EN / 2.45% ZH) com-477

parable to the clean 15dB cascade baseline, while478

simultaneously delivering superior environmental479

fidelity. Notably, our model achieves an FAD of480

5.85, significantly outperforming even the loud-481

est Direct Mix baseline (FAD 10.76). This indi-482

cates that instead of simple volume adjustment,483

ChameleAudio learns the joint distribution of vo-484

cals and environment, automatically performing485

spectral ducking to maintain speech clarity with-486

out sacrificing the richness of the acoustic scene.487

Furthermore, the high Speaker Similarity scores488

(0.60/0.64) confirm that our model preserves vocal489

identity integrity even within complex, high-fidelity490

auditory environments. In terms of subjective qual-491

ity, evaluators rated ChameleAudio significantly492

higher (4.15) than the best cascade baseline (3.65),493

favoring its seamless spectral integration.494

4.4 Effect of Progressive Training Strategy 495

Table 3 presents the ablation analysis of the train- 496

ing strategy, where the One-Stage baseline incor- 497

porates the same ACD mechanism to isolate the 498

impact of the curriculum schedule. The results 499

indicate that simultaneous optimization of hetero- 500

geneous modalities in the One-Stage setting leads 501

to sub-optimal convergence, evidenced by infe- 502

rior speech intelligibility and environmental fidelity 503

compared to the final model. Tracking the perfor- 504

mance trajectory across stages reveals the necessity 505

of the proposed ordered paradigm. In Stage 1, the 506

model focuses exclusively on semantic-to-acoustic 507

mapping, achieving the highest environmental fi- 508

delity with an FAD of 4.42. Upon introducing 509

speaker embeddings in Stage 2, we observe a peak 510

in identity preservation with a SIM-ZH of 0.71; 511

however, this comes at the cost of catastrophic for- 512

getting, where environmental texture quality de- 513

grades significantly to an FAD of 5.80. The final 514

Stage 3 effectively resolves this conflict by reintro- 515

ducing mixed data, recovering environmental gen- 516

eration capabilities to an FAD of 4.47 while yield- 517

ing the best speech intelligibility. Although the 518

SIM score experiences a minor reduction compared 519

to Stage 2, this is partially attributable to the robust- 520

ness limitations of the pre-trained speaker encoder, 521

which inadvertently captures environmental noise 522
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Part I: Speech Synthesis Performance

Setting WER↓ SIM↑
EN ZH EN ZH

One-Stage 1.59 1.45 0.57 0.63
Stage-I 1.80 1.65 - -
Stage-II 1.53 1.35 0.63 0.71
Stage-III 1.48 1.29 0.62 0.69

Part II: Sound Generation Quality

Setting FAD↓ FD↓ KL↓ IS↑ CLAP↑

One-Stage 5.30 43.50 2.58 6.12 0.18
Stage-I 4.42 37.90 2.22 6.75 0.21
Stage-II 5.80 49.20 2.95 5.50 0.15
Stage-III 4.47 38.01 2.24 6.71 0.22

Table 3: Quantitative ablation of the training stages. Part
I evaluates speech performance (WER, SIM), noting
that SIM is N/A for Stage-I due to masked identity.

alongside vocal identity when processing mixed523

signals, resulting in slightly entangled embeddings.524

Nevertheless, the overall performance confirms that525

the progressive strategy is essential for balancing526

high-frequency speech harmonics and stochastic527

environmental textures within a unified framework.528

4.5 Effect of Independent Condition Masking529

Table 4 presents the ablation study on the ICM strat-530

egy, offering empirical insights into the acoustic531

shortcut phenomenon. The results in Part I reveal532

a distinct behavioral pattern: while Gender accu-533

racies remain at a perfect 100.0% across all set-534

tings, indicating that low-level biological cues are535

robustly captured from the acoustic reference, the536

control over fine-grained semantic attributes sig-537

nificantly deteriorates without ICM. Specifically,538

in Stage-III, removing the mechanism causes Age,539

Emotion, and Style accuracies to drop to 83.8%,540

80.4%, and 68.8% respectively. This suggests that541

without the statistical independence enforced by542

random masking, the model optimizes for the joint543

distribution dominated by the information-dense544

acoustic stream, thereby neglecting sparse instruc-545

tions regarding style and emotion. This dependency546

also negatively impacts environmental generation,547

as shown in Part II. In the absence of ICM, Stage-548

III exhibits degraded environmental fidelity (FAD549

4.89) and reduced text-audio alignment (CLAP550

0.19). By re-introducing ICM, the model learns551

to respect the marginal distributions of each modal-552

ity. This enables precise multi-directional guidance553

during inference, effectively amplifying semantic554

control to recover performance in both fine-grained555

Part I: Speech Control Accuracy

Stage Setting Gender↑ Age↑ Emo↑ Style↑
(%) (%) (%) (%)

Stage-II w/o ICM 100.0 84.5 79.2 60.5
w/ ICM 100.0 86.7 81.2 62.2

Stage-III w/o ICM 100.0 83.8 80.4 68.8
w/ ICM 100.0 85.2 82.5 71.5

Part II: Sound Generation Quality

Stage Setting FAD↓ FD↓ KL↓ IS↑ CLAP↑

Stage-II w/o ICM - - - - -
w/ ICM 5.80 49.2 2.95 5.50 0.15

Stage-III w/o ICM 4.89 41.5 2.45 6.42 0.19
w/ ICM 4.47 38.0 2.24 6.71 0.22

Table 4: Ablation analysis of the ICM. Part I reports
classification accuracies for speech attributes. Part II
reports acoustic metrics for sound generation quality.

speech attributes and high-fidelity sound genera- 556

tion. 557

5 Conclusion 558

We introduced ChameleAudio, a unified diffusion 559

transformer for high-fidelity compositional audio 560

synthesis. By synergizing a Disentangled Flow 561

Matching strategy driven by ICM with a tailored 562

Progressive Training curriculum, our approach ef- 563

fectively overcomes modality collapse and acous- 564

tic shortcuts. Supported by our novel Multi-Task 565

Compositional Audio Dataset, the model achieves 566

state-of-the-art performance in generating complex 567

scenes where customized speech and dynamic en- 568

vironments coexist. Future directions include opti- 569

mizing inference latency and exploring long-form 570

narrative generation. 571

6 Limitations 572

Despite promising results, our work faces three 573

main limitations. First, as a diffusion-based model 574

with 1.5B parameters, inference latency remains a 575

bottleneck for real-time deployment. Second, re- 576

liance on automated labeling introduces potential 577

semantic noise, which may propagate hallucina- 578

tions to the generation process. Third, the model is 579

currently optimized for short segments; maintain- 580

ing long-form consistency over extended narratives 581

requires further architectural exploration. 582

7 Ethics Statement 583

To mitigate risks associated with zero-shot voice 584

cloning (e.g., deepfakes), we enforce strict safety 585
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measures. We plan to incorporate imperceptible586

watermarking for provenance tracking and adopt587

a restricted release policy, granting model access588

only to verified researchers. Furthermore, all train-589

ing data has undergone rigorous anonymization to590

protect privacy. We strictly condemn malicious591

misuse and advocate for responsible AI develop-592

ment.593
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Data Type Formatted Instruction Prompt

Type A (Speech)

This audio contains speech. This audio
does not contain sound effect.

This audio has a speech description:
“gender: female, age: elderly, emotion:
calm, style: informative, conversational.”

Type B (Sound)

This audio does not contain speech. This
audio contains sound effect.

This audio has a sound effect description:
“Before the sound of ceramic plates being
placed in a microwave oven, the gentle
sound of raindrops can be heard falling
softly on an umbrella.”

Type C (Mixed)

This audio contains speech. This audio
contains sound effect.

This audio has a speech description:
“gender: female, age: young adult, emo-
tion: happy, style: casual.”

This audio has a sound effect description:
“Before the sound of ceramic plates being
placed in a microwave oven, the gentle
sound of raindrops can be heard falling
softly on an umbrella.”

Table 5: Representative samples of structured text in-
structions from the Multi-Task Compositional Audio
Dataset. The prompts are constructed to explicitly de-
fine modality presence and provide detailed semantic
attributes for both vocals and environmental context.

2024) achieve state-of-the-art fidelity by modeling802

mel-spectrograms or latent representations. These803

models typically rely on prompt-based systems804

with reference audio to dictate timbre, but they805

excel only in clean speech synthesis and lack con-806

trol over environmental acoustics, limiting their use807

in complex auditory scene generation.808

A.2 Text-to-Audio Generation809

Parallel to TTS, Text-to-Audio (TTA) generation810

focuses on synthesizing environmental sounds and811

music from natural language descriptions. The812

dominance of Latent Diffusion Models (LDMs)813

is evident in works like AudioLDM (Liu et al.,814

2023) and Tango (Ghosal et al., 2023), which lever-815

age contrastive language-audio pretraining (CLAP)816

or large language models (FLAN-T5) to align se-817

mantic text embeddings with audio latents. Make-818

An-Audio (Huang et al., 2023) further explored819

variable-length generation. Despite their success820

in generating diverse sound effects, these models821

struggle significantly with speech generation. Due822

to the lack of fine-grained phonetic alignment and823

speaker identity control, the speech produced by824

TTA models is often unintelligible or hallucinated, 825

creating a distinct capability gap between TTA and 826

TTS systems. 827

A.3 Unified Audio Generation 828

Recent research bridges TTS and TTA through uni- 829

fied frameworks. UniAudio (Yang et al., 2023) 830

uses multi-task learning with discrete tokens for 831

speech, music, and sound effects but suffers from 832

autoregressive latency. Audiobox (Vyas et al., 833

2023) unifies these tasks using flow matching with 834

task-specific guidance. InstructAudio (Qiang et al., 835

2025), most relevant to our work, employs a multi- 836

modal diffusion transformer for instruction-based 837

audio generation. However, it faces “one-to-many” 838

ambiguity, as textual instructions cannot capture 839

speaker identity, limiting voice cloning fidelity. Ad- 840

ditionally, few works tackle compositional speech 841

and sound effects generation within a single model. 842

In contrast, ChameleAudio introduces a hybrid con- 843

ditioning strategy combining LLM-derived instruc- 844

tions and speaker embeddings, alongside curricu- 845

lum learning, achieving high-fidelity generation for 846

both separate and mixed tasks, overcoming limita- 847

tions in previous models. 848

B Data Samples 849

Table 5 illustrates specific examples of the struc- 850

tured instructions used in our training pipeline. 851

These samples demonstrate how ChameleAudio 852

differentiates between speech, sound, and mixed 853

modalities using explicit inclusion/exclusion indi- 854

cators and fine-grained attribute descriptions. 855
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